Introduction
Health, be it of an individual or of a population, can be characterized by a large number of indicators. For many purposes it is desirable to summarize the indicators by a limited number of indexes, possibly only one. Several health indexes have been proposed in the literature, varying in statistical methodology and the breadth of variables included in the index. Since health indexes may be constructed for different purposes, there is no need to settle on one preferred index. We are interested in the statistical properties of health indexes and how they are related to observed economic behavior. Health indexes can be classifi ed by a number of different approaches. The simplest approach is to simply ask people to rate their own health on an
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We focus on health measures that can be computed for individuals in widely available survey data. The data we use for the empirical part of this chapter are from the Survey of Health, Ageing and Retirement in Europe (SHARE), which is modeled after the Health and Retirement Study (HRS) in the United States. SHARE is a representative sample of individuals fi fty and over and their spouses in a number of countries in continental Europe. We use data from waves 1 (2004) (2005) and 2 (2006) (2007) , which include twelve and fourteen countries, respectively. We limit ourselves to the eleven countries that are present in both waves. The data contain extensive information about health, as well as many other topics of interest to economists and other social and behavioral scientists. The traditional health measure is self-reported general health (SRH), which has fi ve categories: excellent, very good, good, fair, and poor.
1 SRH generally correlates strongly with objective measures of health in (rare) instances when both are available for the same individuals. It is a short and easy question, and as a result, widely available in many data sets. Because of properties and availability, it is generally considered a useful measure for many purposes. However, it is also a crude measure, and perhaps more importantly, it appears to be incomparable across countries without corrections: individuals with similar health as judged by more objective variables give widely different responses on average in different countries (Meijer, Kapteyn, and Andreyeva 2011; MKA hereafter) . Hence, for comparing health across countries, it is not very suitable. Because of this, and the wealth of health data available in SHARE, MKA developed a health index for wave 1 of SHARE that uses much more information, is continuous, has a much higher reliability than SRH, and is comparable across countries. Jürges (2007) , at the same time as MKA (but published earlier), also developed a health index for wave 1 of SHARE, with similar goals but a strikingly different methodology. Poterba, Venti, and Wise (2011, 2013) developed a health index for the HRS with yet another methodology, although comparability across countries does not appear to be a core goal of their effort. Our goal in this chapter is to study the theoretical and empirical differences between these indexes so that researchers who want to include a measure of health in their analyses can make a better informed choice as to which index is most appropriate for their analyses, and readers can interpret differences between results from different papers that use different indexes. Section 3.2 describes the construction of the indexes and highlights differences in methodology and variables used. Section 3.3 then studies empirical differences, and section 3.4 studies the differences in explanatory power in a simple model for labor force transitions at older ages. Section 3.5 explores issues of methodology and variable choice further by computing different variants of the indexes and studying their relations. Section 3.6 concludes.
Measuring Health: Variables and Approaches to Combining Them
This section describes the various health indexes that we aim to compare in the remainder of the chapter. Börsch-Supan, McFadden, and Schnabel (1996) : they assume that there is a single latent "true" health dimension, that a large number of observed health variables have this latent health dimension in common, and that true health is in turn related to a set of covariates. This leads to a system of equations
where y ni is the i-th observed health measure for individual n, n is the true health of the individual, x n is a vector of covariates, ε ni and ni are error terms, and the other terms are parameters. Thus, equation (1) is a factor analysis model for the observed health measures, and equation (2) is a regression model for latent health. This basic model structure is enriched along several lines. First, because most health measures used are binary or ordinal, the linear form of equation (1) is replaced by a binary or ordinal probit equation as appropriate, in which a linear equation like (1) is assumed to hold for an underlying continuous variable, and the relation between this underlying continuous variable and the categorical observed variable is a step function. Second, almost all parameters are allowed to be different across countries, refl ecting differences in reporting behavior in the health measures across individuals from different countries (who often are faced with questions phrased in different languages), and institutional differences that might affect the relationship between health and the covariates. The exception is the equation for grip strength, which is an objective measure taken by the interviewer, which MKA assume to be free from differences in reporting behavior. This "anchoring" on grip strength ensures comparability across countries. A further refi nement of this is that MKA use a grip strength residual measure instead of observed grip strength (see following) and analyze men and women separately, so that the index is not assumed to be comparable between men and women. Third, missing observations in the health measures are straightforwardly dealt with in this model structure (they are integrated out of the likelihood), so that these do not lead to dropping of observations. There were two (categorical) covariates with signifi cant numbers of missings. For those, missingness was included as an additional category. This is not recommended for the purpose of unbiased estimation of regression models, but is more suitable for prediction purposes, which is what it is used for by MKA.
Some further technical assumptions (such as normal distributions and uncorrelatedness of the error terms) allow estimation by maximum simulated likelihood. With the model estimated, the MKA health index n is the conditional expectation of true health n given (all) the observed variables in the model.
The Methodology of Poterba, Venti, and Wise
We base the discussion here on the variant of their index discussed in Poterba, Venti, and Wise (2013; PVW hereafter) . PVW start with a large set of variables that are assumed to be related to an underlying true health variable. This is similar to MKA, and to stress the similarity, we call the observed variables y ni and true health n . PVW run a principal components analysis (PCA) and compute the fi rst principal component n , which is their health index. PCA can be defi ned and interpreted in various ways, but for our current purposes, the easiest interpretation is the following. Start with equation (1), and in addition to i and i , treat n as an additional parameter to be estimated. Estimate the model by minimizing the sum of squared errors. The resulting estimator of n is n . No explicit assumptions about distribution or uncorrelatedness of the error terms are made. However, as noted by Wansbeek and Meijer (2000, 159) , PCA is mathematically equivalent to a restricted form of factor analysis in which the error terms of the different observed variables not only are uncorrelated, but also have the same variance; in other words, equivalent to a form of factor analysis with much stronger assumptions than typically made in applications of factor analysis. On the other hand, as the number of observed variables increases, PCA and factor analysis solutions converge to each other. This fi nding underlies the estimation of "approximate factor models," which are often used in fi nance, by PCA. The number of measures used by PVW is large, but much smaller than the number typically used in applications in fi nance, and several orders of magnitude smaller than the number of observations, so there is likely to be some difference between PCA and factor analysis. With the interpretation as a restricted factor analysis model and the additional assumption of normally distributed variables, the principal component index is equal to the conditional expectation of true health given the observed variables used, up to a multiplicative constant. (The conditional expectation is "shrunken" toward zero and thus has lower variance.)
For PCA, binary observed variables can be treated as continuous variables. This is analogous to the treatment of dummy variables as covariates in regression analyses. However, binary variables are obviously not normally distributed, and thus the PCA index is not a conditional expectation, and likely not exactly equal to a scaled version of a conditional expectation that is consistent with the binary nature of the variables.
The description in PVW (especially their table 2-1) suggests that they coded all their measures as binary variables, although some of the original variables have more than two categories. Because PVW do not explicitly mention the treatment of missing data, we assume that observations with missing data are dropped. Because they only have one country, whether parameters are identical across countries is not a relevant issue. However, they use multiple waves of the HRS and data for both men and women. They include all of these in a single analysis, because it is found that coefficients are quite similar across waves and between men and women.
The Methodology of Jürges
Jürges (2007) uses a methodology that follows Cutler and Richardson (1997, 1999) and Lindeboom and van Doorslaer (2004) . He also assumes that there is a single latent true health dimension, which we can again call n . He assumes that SRH is a categorical refl ection of true health, and that a set of other observed variables x n act as covariates. He estimates an ordinal probit model with SRH as dependent variable and x n as explanatory variables. At an abstract level, this model structure is equivalent to the MKA model structure, in which the set of dependent variables y ni consists of only one variable, SRH. However, as we will see, the set of variables that Jürges includes in x n is very different from the covariates in MKA. The index of Jürges is defi ned as the predicted linear index from the ordinal probit model, that is, n = ′ x n␥ , which is the conditional expectation of true health given the covariates (but not conditional on the dependent variable SRH). Note that SRH is used in the estimation but not in the construction of the index: an individual who reports excellent health has the same value of the health index as another individual with the same values of the covariates but who reports being in poor health. MKA compare their index with an analogous index defi ned as just the predicted linear index from equation (2) and fi nd that the linear index has much lower reliability. But in the case of MKA, this amounted to ignoring the information on twenty-fi ve health measures, whereas in the case of Jürges, this only ignores the information from a single variable, and thus the inefficiency is much smaller.
Like MKA, Jürges allows for cross-country differences in reporting behavior in SRH by allowing the threshold parameters to be country specifi c, though not gender specifi c. The regression coefficients are assumed equal across countries. For low grip strength, Jürges adds a dummy for missingness to avoid having to drop a sizable fraction of the sample, and to reduce issues of selectivity (missingness of grip strength is strongly related to bad health). For the other covariates, there are no such dummies and we thus assume that records with missing data on these variables are dropped.
Variables Used in Constructing the Indexes
All three indexes use SRH, albeit in different ways. MKA and Jürges use it as an ordinal dependent variable and estimate a model with an ordinal probit equation. MKA include the information of SRH in the construction of their index, whereas Jürges ignores it in the construction. PVW include a binary indicator for whether SRH is fair or poor in their index. They also include an indicator for whether health was worse in the previous period, which MKA and Jürges do not have. Further, PVW include a dummy for whether health limits work, which MKA and Jürges do not have.
MKA and PVW include mobility, fi ne motor, and functional limitations (e.g., difficulty walking 100m), which are all binary, except that MKA use climbing stairs as an ordinal variable (0 = no difficulty, 1 = difficulty climbing several fl ights but not a single fl ight, 2 = difficulty climbing a single fl ight). MKA use difficulties with activities of daily living (ADLs, e.g., difficulty dressing) as separate measures, whereas PVW only include a binary indicator for at least one ADL. MKA also include difficulties with instrumental activities of daily living (IADLs, e.g., using a map), which PVW do not use. Jürges does not use any of these difficulties variables.
Both PVW and Jürges include doctor-diagnosed chronic conditions (e.g., ever had diabetes), but the set of conditions is larger for Jürges. PVW also include back pain, which is one of a number of "symptoms" variables. Another set of variables only included by PVW is health care utilization (doctor visit, hospital stay, nursing home stay, home care).
MKA and Jürges include grip strength. Grip strength in middle age has been established as a predictor of health problems and mortality at later ages. Both MKA and Jürges transform it before usage. MKA argue that grip strength is also a function of "size" (operationalized as height and weight) in a way that is unrelated to health. They correct for this by subtracting a predictive quadratic polynomial in height and weight and use the resulting grip stength residual as a dependent variable in their analyses. Jürges similarly corrects for height and sex and then defi nes low grip strength as being in the lowest tercile of the distribution of the residual. Jürges also includes an indicator for low walking speed (with individuals who were not subjected to the test assumed to have normal walking speed). MKA do not use walking speed and PVW use neither walking speed nor grip strength. All three indexes use body mass index (BMI), which is derived from self-reported height and weight. PVW use BMI as a continuous variable, which makes it their only variable that is not binary. Based on National Institutes of Health (NIH) guidelines for classifi cation, MKA use dummies (as covariates) for being underweight (BMI < 18.5), overweight (25-30), class I obese (30-35), and class II and III obese (> 35). Jürges uses dummies for BMI < 20, 25-30, and 30+.
Finally, MKA include a set of covariates not included by PVW and Jürges: age, whether living with a spouse or partner, household size, education, and household net worth.
In the empirical part of this chapter, we compare four indexes based on the ones described here. We have tried to closely approximate the indexes described in the literature, but there are some differences. Thus, although we will refer to the PVW or Jue index, they are not identical to the ones used by PVW or Jürges. However, we believe they are close enough to warrant this notation. The variables we have used in constructing the indexes are listed in table 3.1.
We use SRH as a linear index. That is, we treat the category scores 1-5 as being measured on an interval scale. Our MKA index for wave 1 is the same one as in the MKA article. For wave 2, we have used the estimates from the models estimated for wave 1 in MKA and computed the health index for each individual accordingly. For the PVW index, we used the list from table 2-1 in PVW and tried to mimic these as close as possible in SHARE. However, the wording and response categories occasionally differ from the ones in the HRS, and sometimes variables are not available. The most notable differences are the following:
• "Health problems limiting work" was not asked in SHARE wave 1. We have replaced it (for both waves) with health problems limiting "activities people usually do."
• "Health worse in previous period" is not available in wave 1, nor for the refreshment sample in wave 2. We excluded it.
• "Ever experience psychological problems" is operationalized as professional (doctor-psychologist) treatment for depression by a family doctor or psychiatrist, which was only asked if the respondent reported having suffered from depression in the last year (new interviews) or since the last interview (re-interviews).
• There was an error with the routing of the health care utilization section in wave 1 for Greece and Switzerland, which makes the home care variable missing for all respondents in these countries in wave 1. We considered two ways to deal with this: drop these countries from wave 1 or set home care to zero and add a "missing home care" dummy that is 1 for respondents in these countries in wave 1 and 0 otherwise. The two resulting indexes correlate almost perfectly for observations that have both. We use the second one in the following, so that we do not have to drop these two countries. Also, because PVW did not address cross-country comparability, we had to make a choice as how to implement it in a cross-country setting. The two ends of the spectrum are completely country specifi c, which by construction would imply that individuals for all countries are equally healthy on average, or joint, which assumes that there are no differences in reporting behavior. We chose the latter, which seems more in line with PVW's treatment of combining all waves and men and women. It would, however, be possible to create an intermediate index, by including some (but not all) interactions between country dummies and the variables that are now used. The Jürges index was developed for SHARE and thus we are able to reproduce it quite closely. One presumably minor difference is that Jürges uses the maximum of two walking speed measures to measure low walking speed, whereas we use the SHARE-provided derived variable, which uses the average of the two. Also, wave 2 includes three health conditions that were not asked specifi cally in wave 1: other fractures, Alzheimer's disease or other memory problems, and benign tumor. We have combined these with the "other conditions" variable. 
Empirical Properties of the Health Measures
The four health measures we consider vary in a number of different respects: they include different variables, are based on different statistical models, and vary in the extent they are assumed or constructed to be internationally comparable. To gain more insight in their comparative properties we present a number of descriptive tables and graphs. All tables and fi gures will be presented for males and females separately. As noted in the previous section, the number of observations varies by health measure due to the fact that they are based on different sets of underlying variables, which have different patterns of missings. To facilitate comparability we restrict the sample to observations that allow the construction of all four measures. Table 3 .2 presents sample characteristics of the measures. Since the measures have different scales, the means and standard deviations are not comparable. (Also note that the signs of the indexes are different: MKA is higher for better health, whereas the other indexes are higher for worse health.) It is of interest, however, to consider the kurtosis and skewness of the measures. To evaluate the numbers in the table, recall that the kurtosis of a normal distribution is three, while the skewness is zero. PVW and Jue show the highest kurtosis. Kurtosis is particularly high for males. For SRH and MKA, the kurtosis is close to that of a normal distribution. SRH and MKA also show the least skewness; they are both slightly skewed to the left. In contrast, PVW and Jue show considerable skewness to the right. Figure 3 .1 confi rms these observations. To facilitate comparisons, the variables have been standardized so that they are measured on the same scale and better health is indicated by higher values. Clearly PVW shows a high peak at about one standard deviation above the mean, while at the same time exhibiting a long left tail. In other words, according to this index many individuals have similar (good) health, but there are also individuals with particularly bad health (those located in the left tail). When using the health measures to explain labor market status or labor market transitions, the PVW index may be able to distinguish between various degrees of bad health, while it may be less discriminating in the area of good health. MKA would appear to be better at discriminating between health states across the whole spectrum from very poor to excellent health, but may be less informative when it comes to distinguishing different levels of poor health. We return to this aspect in section 3.4.
Although the shape of the densities of the four health measures in fi gure 3.1 reveals considerable differences, it would be conceivable that they still rank the health of individuals in the same way and hence the measures may still exhibit high correlations (although obviously not equal to one). The correlations in table 3.3 vary between .54 and .86 (in absolute value). These numbers do not appear to be particularly high. For instance, the correlation between MKA and Jue for males of .61 would imply that in a regression of MKA on Jue less than 40 percent of the variance would be explained. Thus it appears that the various measures partly measure different things (as was also suggested by the discussion in section 3.2), which makes it worthwhile to investigate their relation with respondent characteristics and behavior. Figure 3 .2 shows the relation between the health measures and age. Once again the measures are standardized so that we can compare their scales. MKA shows the steepest decline with age, while the decline is least for SRH. PVW and Jue appear to be in between these two extremes. It is probably not surprising that SRH shows the smallest gradient with age. In expressing self-reports of health, respondents may very well compare themselves with others of the same age, which would lower the age gradient. In the extreme case that respondents would provide a completely relativistic evaluation (just comparing their health with others in their cohort), the age gradient might be zero. MKA is not only based on ADLs and IADLs, but also on grip strength, which is a physical measure with a pronounced negative age gradient.
A major point of interest is how health status compares across countries. 
Males Females
The four measures vary in the extent to which comparability issues are incorporated. SRH and PVW assume complete comparability, in the way we are using them. We could also have constructed the PVW by country, which would have avoided any assumptions about intercountry comparability. For SRH no obvious correction is available in the data, although we could have considered using the vignettes by health domain that have been collected in the SHARE data. This would have been a major task, as it requires not just the modeling of response scale corrections by health domain, but also a model that relates general health to health by domain. Somewhat similar modeling has been done by Kapteyn, Smith, and van Soest (2007) for several domains of work disability, while SHARE vignettes have been used in a number of different domains, but not for overall health; see for instance the special issue of Social Indicators Research, edited by Jürges and van Soest (2012) , and Datta Gupta, Kristensen, and Pozzoli (2010) . MKA assumes comparability by country of grip strength (or rather a transformation of grip strength that corrects for height and weight), which is used to rescale the within country measures. Jue assumes identical coefficients across countries, but with country-specifi c cutoff points for the conditional probits that explain SRH by country. Figure 3 .3 shows standardized means by country and sex. The fi rst observation is that there is considerable correlation between mean female and mean male health across countries for every measure. If a country scores high in female health, it is likely to also score high in male health, and vice versa. The correlations between average male and female health are .95 for SRH, MKA, and Jue, and .90 for PVW. Regarding the correspondence between measures, we note that the signs are generally in agreement. If a country is below the mean according to one measure, it usually also is below the mean according to a different measure. There are a few exceptions to this rule. For instance for German males, SRH and PVW suggest that German health is below the mean, whereas MKA pegs it well above it. For both male and female Greeks, MKA suggests a mean health level below the sample observed for the same respondents, it is not surprising that mean health changes are negative, since the respondents on average have aged about two years. Once again kurtosis is particularly high for PVW and to a slightly lesser extent for Jue. Skewness appears modest. Figure 3 .4 shows standardized densities of the changes in health measures confi rming the fact that the distributions of changes are indeed fairly symmetric. Figure 3 .6, once again provides a comparison across countries. As one would expect, nearly all measures show a decline, with some minor exceptions. The correlation between average male and female health changes is considerably lower than for levels. The correlation is .31 for SRH, .22 for MKA, .32 for PVW, and .61 for Jue. Table 3 .7 shows the correlations between the country mean changes of the four measures for males and females separately. The correlations of the country mean changes appear of the same order of magnitude as the correlations between the individual measures presented in table 3.6, but they are defi nitely not the same. Remarkably, for females MKA and PVW correlate negatively with SRH. Generally, for females average SRH by country shows very small correlations with the other three measures.
The descriptive analyses so far have established that the various measures are positively correlated, but at the same time there are substantial differences in distributions, in their relations with age, and in how the measures rank countries by health. There is enough scope, therefore, to investigate how the measures relate to individual characteristics and behavior.
Labor Force Transitions
Within the age group of individuals fi fty and older one would expect health to become an increasingly important determinant of transitions into retirement or into some kind of disability insurance scheme. To investigate This would attenuate the estimated effect of a health change on the probability of a transition from work to retirement. The evidence is somewhat less clear with respect to the effect on receipt of disability insurance (DI), as one might worry about the possibility of self-reports being colored by justifi cation bias (e.g., Bound 1991). The empirical evidence for the existence of justifi cation bias appears to be limited, however, at least in Europe (Kapteyn, Smith, and van Soest 2011) . In any case, the models to be presented are not meant to be full-fl edged structural models of transitions into retirement or disability. Rather the analyses seek to establish the strength of the links between the various measures and observed transitions. Other less common pathways out of employment are to homemakers, unemployment, and disability. The probability of "unretiring" is very low. Less than 1 percent of those who were retired in 2004 report to be working in 2006. This contrasts with patterns in the United States where the probability of returning to work after retirement appears to be substantially higher (cf. Maestas 2010). Among the disabled in 2004, 7.3 percent report to be working in 2006. These are relatively small numbers though (thirty-six individuals).
To explain transitions we estimate a sequence of models with an increasing number of covariates. The fi rst model only includes 2004 health (Lagged For simplicity we do not present the estimation results for all the added covariates, but concentrate on the coefficients of lagged health and health change. Table 3 .9 presents results for transitions between being employed in 2004 and being retired in 2006 for males. The dependent variable is equal to one if an individual is retired in 2006, so a negative sign implies an increase in the probability of being retired in 2006 if health falls. Both lagged health and health change have a highly signifi cant effect on the probability of retirement. In this model without covariates, R 2 values are low. Adding demographics and economic variables raises the R 2 s substantially and reduces the effect of the health variables. Self-reported health still shows signifi cant effects (and to a lesser extent PVW and Jue). Conceivably, the signifi cance of self-reported health is partly the result of justifi cation bias. Adding country dummies further reduces the signifi cance of the health variables, with only lagged self-reported health and health change as measured by Jue retaining signifi cance. Table 3 .10 presents the same sequence of models for females. The conclusions are very similar to those for males. The simple model with just the health variables shows these variables to have highly signifi cant effects. The significance reduces when demographics and economic variables are added and goes away once we also add country dummies, with the exception of lagged self-reported health and lagged health and health change as measured by Jue. Table 3 .11 contains estimation results for transitions into disability for males. The R 2 s of the models without covariates are considerably higher than for the model explaining transitions into retirement. Furthermore, the health measures remain signifi cant when we add additional covariates and the sizes of the regression coefficients of the health variables are hardly affected by the addition of covariates. The R 2 s increase as a result of adding covariates, but the increase is modest, certainly in comparison with the models explaining retirement. All this suggests that for the transition into disability, health is the main determinant with a rather modest role for demographics and socioeconomic variables. Table 3 .12 presents the results for females. Again, the health variables are highly signifi cant and hardly affected by the addition of covariates. The R 2 s are lower than for males.
When comparing across health measures, some tentative conclusions emerge. When it comes to explaining transitions into retirement, there is not much to choose between the various measures. MKA, PVW, and Jue all explain a relatively small percentage of the variance in the transition into retirement. The picture for disability is different. PVW explains a larger percentage of the variance of transitions into disability for both males and females, while the estimated coefficients are larger. It is of interest to speculate why this may be so. As noted in section 3.3, PVW has a long left tail and thus appears able to discriminate more fi nely between health levels at the poor end of the scale.
Another explanation might be that the health care utilization variables in the PVW index add explanatory power. This would be problematic from the standpoint of causal analysis. Presumably, one does not become disabled by going to the doctor, but one goes to the doctor because of a health problem that makes one disabled. Also, a doctor visit is often necessary to become classifi ed as disabled for public disability insurance. Noting that the doctor-diagnosed chronic health conditions and the health care utilization variables are the main components included in PVW but not in MKA, we investigate whether these are indeed the drivers of the additional explanatory power of the PVW index. We do this by estimating a fourth model, which adds wave 1 health conditions and changes in health conditions between 2004 and 2006 to the MKA-based model 3 (heart problems, high blood pressure, high cholesterol, stroke, diabetes, lung disease, asthma, arthritis, osteoporosis, cancer, ulcer, Parkinson's disease, cataracts, hip or femoral fracture, psychological problems, other), and a fi fth model, which adds the health care utilization variables in 2004 and changes between 2004 and 2006 (doctor visit, hospital stay, nursing home stay, home care) to model 4. The results for all fi ve models are given in appendix A, tables 3A.1 and 3A.2. Most coefficients of the health conditions in the model for males becoming disabled are small and not signifi cant, with two notable exceptions: stroke (both lagged and change; i.e., both having had one before 2004 and between 2004 and 2006 , are signifi cant and large) and psychological problems. These effects remain after inclusion of health care utilization variables. Several of the utilization variables have large and signifi cant coefficients: lagged nursing home stay, lagged home care, and change in home care. For females, the results are slightly different: the utilization coefficients are generally not signifi cant at the 5 percent level. However, for females, there are more health conditions that are signifi cant, though not all with the expected sign: signifi cant and positive (as expected) coefficients are change in stroke, lagged cancer, and change in cancer. Signifi cant and negative are change in Parkinson's disease and lagged hip or femural fracture. Note, however, that these last two conditions are not included in PVW. The addition of the health conditions increases R 2 values substantially. For males the R 2 increases from .115 to .205, while for females R 2 increases from .053 to .132. Adding health care utilization variables raises the R 2 further, to .281 for males and .145 for females. These values are substantially higher than the R 2 values for the other indexes in tables 3.11 and 3.12. Summarizing, there is some evidence that the health care utilization components, and to a lesser extent some of the health conditions, give the PVW index some additional explanatory power over the MKA index in explaining transitions into disability.
Further Explorations of the Effects of Methodology and Choice of Variables
There are several dimensions along which the indexes differ. To understand the contribution of each of these dimensions to empirical differences between the indexes, we compare some variants of the indexes in which a subset of the dimensions is changed. 
Model Structure
To investigate the effects of model structure, we have computed PCAbased indexes with the MKA variables and the Jue variables. For the MKA-PCA index, we considered two alternatives: one only using the indicators and one also including the covariates. These correlate 0.98 with each other, and thus the covariates play only a minor role in the construction of the index. The indicator-only index correlates 0.72 with the MKA index and the one that includes the covariates correlates 0.74 with the MKA index. At fi rst sight, this seems rather low and seems to indicate an important role of methodology. Figure 3B .1 in appendix B gives more insight: the relation between the MKA index and its PCA counterpart is very strong and monotonic within each country, but highly nonlinear. It is shaped more like a logit curve. Hence, the methodological aspect that has the largest impact is the choice of using probit equations in (1) as opposed to linear equations. However, the strong monotonic relation implies that this only has the effect of nonlinearly transforming the index. PVW themselves nonlinearly transform their index to a percentile score, and in general given the arbitrariness of the health scale, one may need to consider different functional forms in any model that uses the health measures. Thus, this fi nding may be a reminder of this issue.
For the Jue-PCA index, we considered using only the covariates or including both self-reported health and the covariates. These two PCA indexes also correlate 0.98 with each other, and they correlate 0.93 with the probit-based Jue index. The PCA results with the Jue variables are strikingly different from the PCA results with the PVW and MKA variables: the eigenvalues of the correlation matrix of the PVW and MKA variable sets indicate that there is one dominant underlying dimension. For the PVW set, the fi rst eigenvalue is 5.44, the second 1.46, and then it gradually decreases. For the MKA set, the fi rst one is 9.15, then 2.50, 2.10, 1.39, and it gradually decreases. So in both cases the fi rst one dominates, although there is some evidence that there may be a few minor underlying dimensions. The situation is very different for the Jue set: without including self-reported health, the fi rst few eigenvalues are 2.00, 1.41, 1.37, and including self-reported health, they become 2.40, 1.41, 1.37, so the fi rst dimension is not at all dominant. This is because the covariates used by Jürges are not highly correlated: most correlations are well below 0.10, with a few exceptions in the 0.2-0.3 range, whereas the PVW and MKA sets have many correlations in the 0.4-0.5 range. Thus, the Jue set is better suited for the type of model that he uses, in which they are covariates and the index is the one that predicts self-reported health best; whereas for the other sets, the index is what they have in common among themselves.
Country-Specifi c Reporting Behavior
MKA allow for country-specifi c reporting behavior in all variables except grip strength and country-specifi c relations between covariates and health whereas Jürges only allows for country-specifi c reporting behavior in selfreported health, and PVW as we have implemented it does not allow for any country-specifi c reporting behavior. We have computed an alternative version of the PVW index by estimating the PCA in each country separately. This results in an index that by construction has mean zero in each country, and thus is not suitable for comparing average health across countries. However, it correlates 0.99 with the earlier PVW index, and thus regression models using either should give virtually identical results, possibly with the exception of country dummies if they are included. This should not be taken as evidence that country differences are absent, but within-country health variation is much larger than between-country variation in average health. Similarly, we re-estimated the Jürges model without country-specifi c thresholds and constructed a corresponding index. This index correlates 0.9985 with the earlier Jue index. We have also constructed country-specifi c PCA indexes with the MKA and Jue variables, respectively. These correlate 0.98 with the corresponding indexes that do not allow country-specifi c reporting behavior. However, as fi gure 3B.1 in appendix B shows, the relation between the MKA index and its PCA counterpart is very strong (though nonlinear) within each country, but considerably blurred when combining the data from all countries, so this suggests that country-specifi c reporting behavior does matter much for the MKA index.
Discussion
As explained in section 3.2, the health measures used in this chapter are based on very different statistical models and make different assumptions about intercountry comparability. SRH and PVW (in the way we have constructed the index) assume complete comparability; Jue assumes comparability in the construction of the index, but allows for country-specifi c cutoff points in response scales; MKA makes the least assumptions about comparability, but uses a grip strength-related measure to scale the country and sex-specifi c indexes in order to attain comparability. In addition to different assumptions about comparability, the statistical models are different, which for our purposes implies different functional forms.
The most important difference, however, probably lies in the choice of variables that are included (or not) in the construction of the indexes, as summarized in table 3.1. By design, MKA includes difficulties with mobility, ADLs, and IADLs, plus self-reported health, and physical attributes like grip strength and body mass index. In the underlying MIMIC model, "causal" variables include sex, age, living with spouse or partner, household size, education, and net worth. PVW and Jue do not include these socioeconomic and demographic variables. On the other hand, Jue includes a long list of health conditions as well as grip strength and body mass index. PVW includes mobility limitations, body mass index, having at least one ADL, a slightly more limited list of health conditions than Jue, and health care utilization variables. PVW is the only index including a pain variable. The importance of including certain variables can be seen by inspecting the model 5 regressions. For instance, in the model using MKA to explain transitions into disability of males, several of the health conditions are highly signifi cant as are nursing home stays and home care. These variables are not included in MKA. Since PVW does include these variables, one would indeed expect PVW to have more explanatory power.
There are several potential exercises that potentially further enlighten these issues. As we have seen, MKA plus health conditions and health utilization gives a better fi t than PVW, which in its turn gives a better fi t than just MKA. However, the health conditions added in this exercise include some that were not included in PVW. We could additionally look at a regression in which only the ones in PVW are added to the MKA regression. Conversely, we could also run analogous regressions in which we add the additional health conditions and/or variables that are included in MKA but not in PVW to the regressions with the PVW index. Furthermore, MKA estimates a much larger set of parameters because most parameters are allowed to vary across countries, and thus MKA is much more fl exible than PVW. We could investigate whether the PVW fi t improves further by allowing a similar kind of fl exibility in this index through adding interactions between country dummies and the variables currently in the PVW index, or at the extreme, constructing this index separately by country. Given the high correlation between the country-specifi c and country-independent PVW indexes, we do not expect this to affect the results materially, though.
Do our results imply that one should always include the maximum number of variables in a health index? Not necessarily. Health care utilization rates may vary by country for institutional reasons. So if the goal is to explain differences in health across countries, then one probably does not want to contaminate a health measure with institutional variables. But if one aims at explaining labor market transitions within a country, then including utilization variables may be a good idea.
A different dimension along which the measures differ is their complexity in estimation. Self-reported health is obviously the simplest of the four measures considered, but in a cross-country context its comparability is dubious, as has been argued, for instance, by Jürges (2007) . The next simplest measure is PVW. Principal components analysis is available in many statistical packages and is quite standard. The health index proposed by Jürges is somewhat more complicated, as one has to parameterize the cut points in the probit analyses. MKA is the most involved, as it attempts to do full justice to the discrete nature of most of the variables and model these as the result of an underlying latent process. Although one might prefer a MIMIC-type approach as used in MKA on theoretical grounds, the empirical results in this chapter do not suggest that there is much by way of payoff in terms of improved explanatory power. 
